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Traffic accidents present a serious problem for both developed and developing countries 

and have become an urgent matter to tackle in all large metropolitan areas. This study 

aims to perform a deep comprehensive analysis of the traffic accidents issue in Istanbul, 

one of the world’s most populous cities. The accidents were classified and its intensities 

were presented on Istanbul map using a GIS tool. Furthermore, the performance of 

Negative Binomial Regression analysis and Adaptive Neuro-Fuzzy Inference System 

(ANFIS) model was assessed. Data collection of independent variables included 

distribution of trips, percentage of street parking, rate of car ownership, street density and 

population density. Trips were divided into three categories, passenger car, minibus and 

bus trips. The results showed that four legs intersection got the highest proportion of 

accidents among the other types with (40%). It also demonstrated that increasing both the 

percentage of bus trips and the percentage of street parking will decrease the traffic 

accident rate. Furthermore, the implementation of ANFIS model increased the accuracy 

of forecasts and reduced errors more than the regression model. 
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1. INTRODUCTION

Growing urban traffic congestion has become a serious 

problem in all large metropolitan areas, impacting flow speed 

and safety of transportation, causing travel delays and having 

significant negative implications on economies. More than 

1.25 million people die each year as a result of road traffic 

accidents [1], according to a 2015 report by the World Health 

Organization (WHO). Studies are being heavily conducted to 

investigate metropolitan area accidents and their causes. In one 

such research, weather and other environmental factors have 

been analysed to model traffic accidents. The degree of 

correlation between the number of injuries and weather 

variables varies according to the type of road (motorways, 

rural roads or urban roads) [2]. In another study, use of 

communication technologies like GPS coordinates, 

smartphone sensors and web services have been found to 

improve traffic safety levels [3]. 

As urban planning parameters, the percentage of green area 

has also been shown to have a positive impact on traffic 

reduction while both intersections and population density 

increase the traffic accident rate [4]. In addition, human, car 

and road factors are all mutually correlated with the severity 

of accidents [5]. However, ANFIS was implemented to predict 

traffic hot spots on rural roads [6]. Also, ANFIS has been used 

to evaluate the impacts of intelligent transportation systems 

and technologies on number of road accident fatalities [7]. 

Moreover, ANFIS was used for prediction of traffic accidents 

[8].  

However, comparing the performances of mathematical, 

artificial intelligence and statistical methods seems useful 

technique and capable to infer meaning from complicated and 

ambiguous data. For instance, in order to predict the frequency 

of freeway accidents the performances of negative binomial 

regression and artificial neural network were evaluated and 

compared [9]. The negative binomial regression modeling can 

be used to identify significant traffic and geometric elements 

that tend to increase or decrease accident frequency [10].  

In order to better display traffic accidents, Geographic 

Information System (GIS) which is defined as a tool for 

collecting, analyzing, and displaying information about areas 

of the earth [11] is used in this study. Large amounts of data 

can be simplified visually at both macroscopic and 

microscopic levels by the use of GIS software [12, 13]. The 

GIS was used as a management system for accident analysis 

and determination of hot spots with statistical analysis 

methods [14-16]. Moreover, the highest accidents potential 

hot spots were determined using GIS tool. The used 

parameters were number of accidents, fatalities and injured 

cases per accident [17]. The importance of this study is its 

ability to investigate Istanbul’s traffic accidents by means of 

different statistical, graphical and mathematical methods. 

Consequently, the traffic accidents issue in Istanbul is 

explained through graphical and mathematical equations and 

the results are compared with outputs of ANFIS model. 

2. BACKGROUND ON ISTANBUL METROPOLITAN

AREA

Istanbul is a major global city and the economic center of 
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Turkey, producing 22% of the country’s total national GDP 

(average GDP per capita was about 9,127 USD in 2019). 

Rapid population growth since the 1950s – 4% annually 

(although at a slightly lower rate over the past 10 years) – and 

economic development have led to a surge in motorization in 

Istanbul. Personal vehicle ownership increased from 43 per 

1,000 people in 1980 to 186 in 2019. Passenger cars account 

for the biggest portion of motorized trips in Istanbul with a 

share of 27.5%. Considering that the city is still at an early 

stage of vehicle ownership, this share is expected to rise 

sharply over the next two decades. 

Asian and European sides of the Istanbul Strait are both 

highly urbanized although the European side accommodates 

more population and job opportunities. The city has a poly-

centric structure and a linear pattern of development from the 

west to the east across the Strait. Unfortunately, there has been 

an urban sprawl towards the green northern part of the city in 

the past decade. The three bridges and Eurasia Tunnel crossing 

the Istanbul Strait are mostly used by personal cars; hence their 

expressways constitute the two main and trafficked corridors 

which have strongly influenced the direction of urban 

development. İstanbul Transportation Master Plan predicts 

nearly 35 million daily trips occur throughout the city. This 

huge amount of daily trip traffic causes nearly 50 accidents per 

day along the 50,000 km highway network. In Istanbul, 15,077 

accidents happened in 2014. The accidents resulted in 376 

deaths and 43,536 injuries. Data from 2014 was used in this 

study. 

 

 

3. METHODOLOGY 

 

3.1 Mathematical modelling  

 

For each one of Istanbul Metropolitan Area zones, data on 

traffic accidents, street density, trips distribution, car 

ownership, percentage of street parking and population density 

were obtained from relevant authorities in the city. Then, data 

processing and regression analysis were applied to classify the 

accidents as well as establishing possible mathematical 

relationships by using Statistical Package for the Social 

Sciences (SPSS) software. Negative binomial regression 

analysis was carried out to estimate traffic accident averages 

in each zone. The above model assumes that the variance of 

accident frequency is more than the mean [18]. This model is 

given below [13] 
 

lnλi=βxi+εi (1) 
 

where: 

Ln=natural logarithm, 

λi=expected traffic accident at zone level (accident/year), 

β=estimate coefficients, 

x=explanatory variable, 

ε=error term. 

 

3.2 Development of ANFIS model 
 

ANFIS is a multilayer feed-forward network and performs 

a fuzzy logic function on incoming signals. To build the fuzzy 

logic structure, it is essential to (i) select the model inputs, (ii) 

determine the membership functions (MF), and (iii) generate 

the fuzzy rules [19]. The accuracy of the model’s performance 

was evaluated by using Root Mean Square Error (RMSE) [20, 

21], shown in the expression below:  

𝑅𝑀𝑆𝐸 = √∑
(𝑋𝑡 − 𝑋𝑜 )

2

𝑛

𝑛

𝑖=1

 (2) 

 

where, Xt is actual output, Xo is predicted output, and n is the 

number of outputs. 

 

3.3 Graphical analysis 

 

Graphical analysis was used to provide an idea about the 

extent of traffic accidents problem in Istanbul metropolitan 

area using a GIS tool, and to investigate the possible 

distribution based on different classification types. 

 

 

4. RESULTS AND DISCUSSION 

 

4.1 Graphical analysis 

 

The analysis of accidents in Istanbul during 2018 showed 

that a total of 15,078 accidents occurred. The total number of 

fatalities and injuries in these accidents were 188 and 43,438, 

respectively. It can be seen that four-leg intersections tend to 

have a higher traffic accident probability, as shown in Figure 

1. This result is logical because a four-leg intersection has 

more conflicts between traffic flows than any other type of 

intersection. In other words, cross-traffic conflicts at four-leg 

intersections will not occur at three-leg intersections. Overall, 

the average accident rate at four-leg intersections is slightly 

higher [4, 22]. Figure 2 showed the accidents at -at-grade-

intersection map among Istanbul districts. Different 

classification of accidents like pedestrian-crash-number, 

injuries and fatal accidents were presented in Figure 3 to 

Figure 5 respectively.  
 

 
 

Figure 1. Distribution of accidents based on intersection type 
 

 
 

Figure 2. Traffic accidents at-at-grade-intersection density 
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Figure 3. Pedestrian-crash-number/zone for Istanbul districts 

 

  
 

Figure 4. Fatal-number/zone for Istanbul districts 

 

 
 

Figure 5. Injury-accidents-number/zone for Istanbul districts 

Table 1 interprets the data used in the analysis statistically. 

As can be seen from this table, population density varied from 

103 to 1,276 persons / km2 and street density ranged between 

4.29 and 31.18 km/km2. In addition, bus trips made up 15% to 

43% of total trips while the shares of car and minibus trips 

were in the ranges of 24% to 43% and 29% to 46%, 

respectively. Meanwhile, car ownership was found to have a 

lower value of 65 in Esenler zone, compared- with the highest 

value of 238 in Bakirkoy zone. Finally, the percentage of 

streets that were occupied by parking varied from 38% to 75% 

with a mean of approximately 59%. 

 

Table 1. Descriptive statistics for included variables 

 
Variable Unit Symbol Min. Max. Mean S 

Population 

Density 

Persons /1.000 m2 X1 103.79 1276.45 639.66 329.74 

Street 

Density 

Km/km2 X2 4.29 31.18 17.59 8.45 

Car Trips  % X3 0.24 0.43 0.32 0.04 

Minibus 

Trips  

% X4 0.29 0.46 0.36 0.05 

Bus Trips  % X5 0.15 0.44 0.32 0.07 

Car owner. Car/1.000 people X6 65.00 238.00 119.72 49.37 

Street 

parking 

% X7 38.00 75.00 58.69 10.76 

Accidents Accidents 

/zone/year 

Y 209.00 2014.00 492.70 345.86 

 

4.2 Correlation analysis 

 

Table 2 presents the correlation matrix for the variables 

included in this study. This table indicates that traffic accidents 

are negatively correlated with both the percentage of bus trips 

and the percentage of street parking in each zone. In addition, 

the percentage of car trips and car ownership were positively 

correlated with traffic accidents. The degree of correlations 

between traffic accidents and population density, street density 

and share of minibus trips were slightly smaller. The analysis 

illustrated that multicollinearity was found between car 

ownership and percentage of street parking. Urban zones with 

high car ownership rates may generate higher levels of parking 

demand; therefore, a high percentage of street parking is 

expected. Besides, the effect of car trips on traffic accidents 

was positive, but the effect of bus trips was negative. In other 

words, bus trips negatively played into the increase in traffic 

accidents. This may be justified by the relatively high speed of 

car trips in comparison with the slower speeds of buses. In 

addition, the numbers of car maneuvers and circulations were 

high, so more accidents would normally be anticipated. 

 

 

 

Table 2. Correlation matrix for included variables 

 

 X1 X2 X3 X4 X5 X6 X7 Y 

X1 1.00 
       

X2 0.77 1.00 
      

X3 -0.14 -0.11 1.00 
     

X4 -0.22 -0.11 0.16 1.00 
    

X5 0.24 0.14 -0.74 -0.78 1.00 
   

X6 -0.29 -0.13 -0.08 -0.06 0.09 1.00 
  

X7 0.37 0.37 -0.14 -0.05 0.13  0.67 1.00 
 

Y 0.10 0.06 0.35 0.29 -0.41 0.28 -0.42 1.00 
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4.3 Development of the general regression model 

 

Regression analysis was carried out to develop a general 

traffic accident prediction model. Three groups of models 

were developed in this study. The first group included the trips’ 

distribution variables (X3, X4 and X5). Effects of population 

density (X1), car ownership (X6) and street parking (X7) were 

entered in the second group. The third group was a 

combination of all independent variables for a stepwise 

approach to develop the regression analysis model. 

Analysis of the first group resulted in the following model: 

 

Y=17606. X5
-1.014 (3) 

 

IY = Average yearly number of accidents /zone/year, 

X5 = Percent of bus trips. 

The models and its parameters were found to be significant 

at 95% confidence level. The percent of bus trips explained 

about 48% (R2 = 0.482) of traffic accident variations.  

In the second group, effects of population, car ownership 

and percentage of street parking were determined. The 

obtained models were: 

 

Y=2121.7* X7
-1.667 (4) 

 

Y=7331.5*e0.0004X1 X1
-1.845 (5) 

 

X1 = Population density, 

X7 = Percentage of street parking. 

The percentage of street parking (occupation of streets by 

parked vehicles) explained about 59% (R2 = 0.562) of the 

traffic accidents. Little improvement in explanatory power 

was obtained by introducing the population density variable 

(Eq. (3)). Using the percentage of street parking and 

population as independent variables explained 65.3% of 

accident variations (R2 = 0.654). Eqns. (2) and (3) and their 

parameters were significant at the 95% confidence level. 

In the third group, stepwise regression analysis was carried 

out to develop a general traffic accident prediction model. 

Based on the regression analysis, the following model was 

obtained 

 

Ln Y = 4.533+0.000335X1-0.605LnX5 -1.408X7 (6) 

 

The above regression equation can be rewritten as: 

 

Y=93.1X5
-0.605 X7

-1.408 e0.00035x1 (7) 

 

where: Y = Average yearly number of accidents/zone/year, 

X1 =Population density, 

X5 =Percent of bus trips, and 

X7 =Percentage of street parking. 

The model and all parameters were significant at the 95% 

confidence level. Furthermore, the model explained about 

80% of accident variations (N=32, R2=0.795, F=15.98, 

p=0.0001, RMSE=119.2). Explanatory variables of the 

percentage of bus trips and the percentage of street parking 

were found to have negative coefficients, indicating that the 

traffic accident rate will decrease as these variables increase. 

In fact, increasing the parking rate will lead to a decrease in 

street capacity because the right lane will be reserved for 

parking purposes.  

As a consequence, there will be a decrease in vehicle speeds, 

which is considered to be one of the most important causes of 

accidents, and eventually lower the accident rate. Likewise, 

with regard to the effect of bus trips, increasing them will 

trigger a reduction in the number of trips by cars and thus 

diminish the number of dangerous maneuvers and speeding 

attempts in the traffic stream. In other words, it is known that 

public transport buses in general travel within speed limits and 

stay on the right lanes, thus creating a safer travel environment 

than private vehicles and lower possibility of traffic accidents. 

In contrast, increase in population density would slightly raise 

the frequency of accidents at zone level. At the end, the 

Normal P-P Plot of Regression Standardized Residual was 

presented in Figure 6. From the figure, we can see that the 

residuals closely follow the diagonal which is the case for 

normal distribution. 
 

 
 

Figure 6. Normal P-P Plot of regression standardized 

residual 

 

4.4 Input selection for modelling of traffic accidents 

 

In order to facilitate the modelling of traffic accidents, a 

systematic variance search was implemented to select the most 

influencing inputs using Matlab R2015. Thus, the input 

variables that may be considered as the main cause of traffic 

accidents in Istanbul city were divided into training and testing 

inputs. The odd readings were used as training inputs while the 

even inputs were used for testing. However, the model tested 

98 possible combinations and used the RMSE to differentiate 

between and select the optimal input combinations that reduce 

the traffic accidents. The evaluated combinations were input-

output, two inputs-output, three inputs-output and four inputs-

output. In general, increasing the number of input variables 

reduces the RMSE, but complicates the modelling process. 

However, the optimum input-output combination that reduces 

the RMSE in this study is X1, X5, X7 (population density, 

percentage of bus trips and percentage of street parking).  

So, ANFIS structure was modified to improve the 

modelling and reduce error. The modification was performed 

by evaluating Membership Function (MF) types, number of 

MF as well as data clustering and partitioning. Table 3 shows 

the performance of various MF (eight MFs). It also 

demonstrates the performance of various numbers of optimum 

MF. At this point, optimum inputs and a hybrid training 

algorithm were used for model development which was 

initiated by two membership functions and 10 epochs. The 

optimum MF type is a Pi shaped curved MF. Its testing RMSE 

equals to 62.74 while its checking RMSE is 101.12. However, 

Triangular MF gives almost the same results with RMSE 

62.38 for testing and 103.82 for checking. The performance of 
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a Pi shaped curved MF was evaluated by using 2-7 MF.  

The best performance was obtained when two MF (Pi 

shaped curved) are used with RMSE = 62.38 for testing and 

103.82 for checking. Furthermore, raising the number of MF 

decreases the testing RMSE, but it results- in a significant 

increase in checking RMSE, thus two Pi shaped curved MFs 

are considered to be the optimum model structure to simulate 

the accidents in Istanbul city. Furthermore, to improve the 

modelling, the model was trained by using 100 epochs (two 

Pi-shaped MF) with hybrid training and the results of RMSE 

for testing was improved by 3.6% (RMSEtesting = 60.45) and the 

one for checking by 2% (RMSEchecking = 98.88). 

 

Table 3. Evaluation of function type and number 

 
Function type RMSEtrain RMSEtest Function type RMSEtrain RMSEtest 

Triangular  65.54 127.02 Trapez 62.38 103.82 

Gen. bell curve  63.28 132.43 Gaus. curve  63.67 131.97 

2-sided Gaussian  66.02 122.46 Pi-shaped curve* 62.74 101.12 

Comp. of difference Between two sigmoidal  68.42 114.17 Product of 2 si 68.7 123.7 

Noof MF RMSEtrain RMSEtest No of MF RMSEtrain RMSEtest 

2 62.74 101.12 3 33.6 244.14 

4 41.04 260.15 5 65.78 329.7 

6 63.06 393.75 7 76.98 399.3 

 

Figure 7 illustrates details of the modified final ANFIS 

structure for modeling traffic accidents at zone levels, 

comprising three inputs, two membership functions, eight 

fuzzy rules and the desired output. Figure 8 displays the effects 

of Population density, Street Parking and their impacts on 

number of accidents in 3-D. The value of traffic accidents is 

decreased from right to left with respect to population density. 

In other words, when population dropped from 1,400 to 200, 

the accident rate also fell due to the positive impact of 

population density on traffic accident generation. In contrast, 

the traffic accident rate climbed with a lower percentage of 

street parking, corresponding to the same result we obtained 

from the statistical analysis. 

 

 
 

Figure 7. Final ANFIS structure for traffic accidents model 

 

 
 

Figure 8. 3D Surface performance of population density and 

street parking 

5. CONCLUSION 

 

In this paper, impacts of some urban planning parameters 

on traffic accident generation in Istanbul metropolitan area 

have been analysed. However, several socioeconomic 

variables also have added effects on accident production rate. 

Therefore, modelling by using different methods to reach the 

best explanation for the issue of accidents is required. The 

statistical and ANFIS models that were developed in this paper 

can help traffic planners to formulate much-needed mitigation 

measures to reduce the frequency of traffic accidents. It 

showed fewer errors than statistical regression models. This 

study also demonstrates the consequences of urban planning 

features on the accident rate by analysing the effects of car 

ownership, street parking and travel distribution percentages 

as well as street and population densities. The results show that 

the percentage of bus trips and the percentage of properly 

street parking have a positive impact on reducing the traffic 

accident rate at the regional level while the population density 

has a negative effect on increasing the accidents. Finally, 

encouraging the use of public transportation instead of private 

vehicles and automated parking system will drastically reduce 

the traffic accidents in the city. For instance, adopting public 

transportation usage for each district and imposing taxes on 

some routes specially at peak hours as a motivation to use the 

public transit.  
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